Abstract: This article studies the synergy effect of entrepreneurship on China's industrial clusters. We propose an extension to Duranton and Overman's (2005) method which enables us to delimit industrial clusters in space. The empirical model is identified with historical measures of local entrepreneur potential in the spirit of Chinitz (1961). We find that measures of entrepreneurship contribute significantly to cluster formation, cluster size, and cluster strength. Access to sea ports stimulates industrial concentration but agricultural legacy has the opposite effect. Light industries have more clusters which are also larger and stronger. Clusters also benefit from historical measures of market potential, localization/urbanization economies, and urban population density. Most of the results are robust to alternative instrumental strategies. Finally, we find evidence that the synergy effect is stronger where the local conditions are favorable to clusters.
Introduction
China's economic reforms since the late 1970s profoundly reshaped the industrial structure of the nation. A central feature of the industrial reform is the continuous decline of the state sector and the burgeoning non-state ownership. Marketization policies in the 1980s stimulated rapid growth of township-village enterprises (TVEs) and private firms in output and employment (Jefferson and Rawski, 1994) . Starting from the late 1990s, a large number of loss-making SOEs were either shut down or privatized with the motto "grasp the large and let go of the small" (Hsieh and Song, 2015) . After three decades of buoyant growth, entrepreneurial firms in the non-state sector have gained predominance over SOEs in firm number and employment, as Figure 1 shows.
<insert Figure 1 about here> summarized the five facets of entrepreneurship as selfemployment, small firms, ownership, entry, and innovation. In the context of China's economic reforms, the word entrepreneurship underscores the emergence and development of the private sector (Chen and Feng, 2000; Allen et al., 2005 ; among others). On the other hand, Chinese SOEs were known to serve political objectives at the expenses of financial performance (Jefferson and Rawski, 1994; Bai et al., 2006) . Huang (2008) concluded that "private entrepreneurship was at the center of China's takeoff in the 1980s."
China's reforms have far-reaching consequences on her industrial landscape. During the Mao era, firms' location was decided by the government, usually with a School of Economics, Zhejiang University. b International Business School Suzhou, Xi'an Jiaotong-Liverpool University. c Corresponding author. E-mail: wyyzju@zju.edu.cn, Tel: +86-0571-8898-2615 , Fax: +86-0571-8898-1199 A few studies based on Chinese data have indeed looked into the relationship between industrial cluster and measures of entrepreneurship. Long and Zhang (2011, 2012) found that clustered areas on average have more firm starts. Based on localized survey data, Fleisher et al. (2010) found that clustering lowers entry barrier thus stimulates firm starts. However, they all view entrepreneurship as a consequence of industrial concentration. The lack of empirical evidence on the impacts of entrepreneurship on industrial concentration is not limited to Chinese studies. In fact, ranked it the top priority for future research on entrepreneurship. We contribute to the literature by studying the role that entrepreneurship plays in industrial cluster formation and development. To our knowledge, this article is among the first to assess such causality using Chinese data.
A second contribution of our study is on the methodology side. Theoretical ruminations conceptualize the relationship between industrial concentration and entrepreneurship as a dynamic, self-enforcing process (Rosenthal and Strange, 2004; . In this view, entrepreneurship benefits from industrial concentration but it also fosters concentration. Identifying either causal effect requires exogenous factors to resolve the endogeneity issue. Unfortunately, few studies, including those aforementioned, seriously address this theoretical concern, partly because it is difficult to find proper instruments. Drawing on China's unique transition path, we propose a few proxies for the supply potential of entrepreneurship in the spirit of Chinitz (1961) . These measures are all based on historical data before the private sector took off. We present statistical evidence that they are valid instruments for contemporaneous measures of entrepreneurship.
Third, we are also among the first to implement Duranton and Overman's (2005) innovative measure of geographic concentration on Chinese firm-level data. Compared to conventional measures such as the location quotient (Glaeser et al., 1992) and the Ellison-Glaeser index (Ellison and Glaeser, 1997) , the Duranton-Overman measure offers multiple theoretical advantages (Puga, 2010) and enables us to probe deeper into the geographic features of clusters, such as area size and strength.
The rest of this article is organized as follows. The next section reviews the literature on entrepreneurship and industrial cluster, and proposes our hypotheses and empirical strategy. Section 3 explains the data source and variable definitions. Section 4 presents empirical results and discusses their implications. In Section 5, we test the robustness of our baseline model using alternative identification strategies. Section 6 provides evidence on the nonlinear effects of entrepreneurship. Finally, we conclude the study in section 7.
Entrepreneurship and industrial clustering: definition and relationship
The concept of entrepreneurship is multifaceted and a precise definition is still under debate. 1 The classical definitions can be broadly categorized into the behavioral/functional view and the occupational view. Historically, entrepreneurship has been conceptualized as entrepreneurs changing the rules of competition through "creative destruction" (Schumpter, 1934) , and their abilities to pursue profit opportunities beyond the resources they currently control (Stevenson and Jarillo, 1990) . The behavioral view thus stresses the innovative and risk-taking spirit of entrepreneurs. According to this view, entrepreneurial behavior usually entails the creation of new organizations (Gartner, 1989) . The occupational view defines an entrepreneur as someone who works for his/her own account and risk (Hébert and Link, 1988) . This view highlights the difference between wage-employment and selfemployment. Synonyms for an entrepreneur are business owner, proprietor, and selfemployed.
Entrepreneurship is regarded as a critical element in the formation of industrial clusters (Feldman, 2001; Feldman and Francis, 2003) . By comparing New York City with Pittsburg, Chinitz (1961) attributed New York City's success to the ample supply of entrepreneurship. Klepper (2010) and Feldman and Francis (2003) provided indepth analysis into the industrial clusters in Silicon Valley, Detroit, and the Maryland Biotech Center. Their findings underscore the importance of entrepreneurial activities in the early development of these clusters. The study by Audretsch and Feldman (1996) reveals a strong correlation between innovation activity and geographic concentration of production. Finally, in a series of studies, Acs and Mueller (2008) , Fritsch and Mueller (2008) , and Baptista and Preto (2011) all documented a positive and persistent effect of firm startups on industrial employment growth.
The literature documented huge variations in the level of entrepreneurial activity, both across industries and across space (Glaeser and Kerr, 2009; Buenstorf and Klepper, 2010) . Given the theoretical arguments and empirical findings stated previously, it is hard to believe that the spatial concentration of entrepreneurship plays little role in explaining the geographic concentration of the industry. Therefore, we propose the following hypothesis.
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Hypothesis 1: Industrial clusters are more likely to form where the level of entrepreneurial activity is high; entrepreneurship also contributes to stronger clusters in terms of employment and output.
The concept of industrial cluster can be traced backed to Marshall (1890), who defined it as a geographically proximate group of firms producing similar products. Porter (1990 Porter ( , 1998 ) extended Marshall's definition into "a geographically proximate group of interconnected companies and associated institutions in a particular field, linked by commonalities and complementarities." The network view (e.g. Saxenian, 1994) emphasizes the interrelation through socio-cultural or institutional relations. Despite the controversy, few would disagree on the core attributes of clusters: concentration.
In explaining the geography of economic activity, Krugman (1991) emphasizes the crucial role of scale externality generated by the local concentration of firms in the same industry. Such a mechanism is termed localization economies. In contrast, Porter (1990) and Jacobs (1970) argued that the externality came from the concentration of diversified firms in related industries. Their view is termed urbanization economics. Empirical studies lend support to both views (Glaeser et al. 1992; Henderson, 2003; among others) . Subsequent studies provide further insights into the mechanisms behind industrial concentration, which include market access (Head and Mayer, 2004) , input-output linkage (Ellison et al., 2010; Holms, 1999) , labor pool effects (Overman and Puga, 2010) , and technological spillover . These mechanisms are usually found to act simultaneously (Duranton and Puga, 2004; Rosenthal and Strange, 2001 ).
Apart from agglomeration economies, geographic/natural advantages and historical reasons also contribute to patterns of industrial concentration (Ellison and Glaeser, 1999; Davis and Weinstein, 2002) . Based on these findings, we propose the second hypothesis.
Hypothesis 2: Besides entrepreneurship, geographic/natural advantages and agglomeration economies also explain the formation and strength of industrial clusters.
The causal relationships stated above are only part of the story. Great thinkers such as Marshall and Porter conceived entrepreneurship and industrial clustering as tightly interwoven dynamic processes. Marshall (1890) wrote: "localization and the growth of the system of capitalist undertakers were two parallel movements, due to the same general cause, and each of them promoting the advance of the other." Similarly, Porter (1998) wrote: "The formation of new businesses within a cluster is part of a positive feedback loop." Access to buyers and suppliers, labor pool, and spillovers from peers all act to reduce the entry barrier or risk facing a new business, thus encourage entry. It follows that the factors of industrial concentration are also the driving forces of entrepreneurial activity. On the other hand, clusters may also generate a centrifugal force on entry (Jacobs, 1970; Combs et al., 2012) .
Empirical studies find evidence for both centripetal and centrifugal forces. Dumais et al.'s (2002) work suggests a dominant centripetal force. Glaeser and Kerr (2009) identified strong synergy effects of agglomeration economies on firm entry; these factors include average firm size in the cluster, large labor pool, and technological spillovers. Fritsch and Shroeter (2011) had similar findings. Delgado et al. (2010) provided evidence for both forces. Once entry takes place, however, clusters are usually found to enhance the survival rate and economic performance of startups (Delgado et al., 2010; Wennberg and Lindqvist, 2010) .
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The dynamic interdependence between industrial concentration and entrepreneurship poses a major obstacle to any attempt to establish causality. observed that "the ability to find a causal link between entrepreneurship and urban success would require exogenous variables that increase entrepreneurship but have no other impact on the local economy."
3 In light of this, finding a proper instrument for entrepreneurship becomes a prioritized research agenda.
In his influential work, Chinitz (1961) emphasized a determinant of entrepreneurship that has been overlooked by researchers: the supply potential of entrepreneurship. According to Chinitz, the structure of local business and the social network in New York City were very different from those of Pittsburgh, which resulted in a favorable "supply schedule of entrepreneurship" that made New York City successful. He pointed out that the conventional wisdom implicitly assumed that the supply schedule was identical at all locations. 4 Similarly, Saxenian (1994) attributed the success of Silicon Valley over Route 128 to a culture of entrepreneurship and a more decentralized organization of production. Meanwhile, both authors recognized the contribution from agglomeration economies.
Recent empirical studies lend support to Chinitz's view. Feldman (2001) and Feldman and Francis (2003) identified a few supply factors that shaped the Maryland Biotech cluster, which are social and venture capital, entrepreneurial support services, research universities, and policy initiatives. They argued that the conventional factors lagged rather than led the initial entrepreneurial activity. Glaeser and Kerr (2009) found that a Chinitz factor, which is the prevalence of small firms, was more important than the (conventional) agglomeration factors in explaining entries by small firms. Buenstorf and Klepper (2010) provided compelling evidence for Chinitz's view. They found that the main factor governing the origination of Ohio tire producers was regional birth potential, a measure of local supply strength of entrepreneurship. Meanwhile, the impact of agglomeration economies was found to be modest. It is also well known that entrepreneurial activities exhibit location inertia (Feldman and Francis, 2003) . Startups are heavily drawn to the entrepreneurs' birth place, while spinoffs are usually found in locations close to the anchor firm (Figueiredo et al., 2002; Michelacci and Silva, 2007) . The latter stand of literature further justifies Chinitz's view.
Our third hypothesis is based on Chinitz's (1961) theory of localized supply of entrepreneurship.
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Hypothesis 3: Historical factors that determine regional birth potential explain contemporaneous levels of entrepreneurship.
Such a factor can be used to identify the structural equation. recommended such an IV strategy to estimate the causal effect of entrepreneurship on urban growth.
Data and measurement
Our major data source is the 2004 China Industry Census. The dataset provides identification information and a rich set of economic and financial variables for all establishments in the secondary sector (manufacturing, mining, and utility production). It covers the same set of variables as the China Industry Survey, which is highly visible in recent Chinese studies (Brandt et al., 2014) . Although the survey data is available every year in 1998-2007, it does not cover non-state firms with annual sales under 5 million RMB. Coverage is thus the major advantage of the census data because the excluded firms are actually the ones of major interest in our study.
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The census data classifies industrial sectors by a four-digit industry code, in compliance with the Industrial classification for national economic activities (GB/T 4754-2002) . We focus on the manufacturing, which is defined as industrial codes in the rage of 1310-4320. The resulting sample comprises 1,254,221 distinct firms in 482 four-digit sectors.
Entrepreneurship
Various measures of entrepreneurship have been used in the literature. Many focus on the behavioral aspect of entrepreneurship and define it as the number of startups or the rate of startups (Feldman and Francis, 2003; Rocha and Sternberg, 2005; Delgado et al., 2010) . Other empirical studies adopt the occupational view and use data on business owners or self-employment (Harrison et al., 2004; Wennekers et al., 2005 ).
As we discussed earlier, the non-state sector is the main driving force in China's industrial reform. Our measure thus draws heavily on the ownership aspect of entrepreneurship in the Chinese context. We construct three variables to proxy the level of entrepreneurship: PE is defined as the number of private enterprises; SPE is defined as the number of privately-owned small enterprises; 6 and NPE is defined as the number of private enterprises established after year 2000. 7 The last variable also reflects the behavioral aspect of entrepreneurship. These variables are computed for 5 Our sampling procedure leaves us more than 1.2 million firms. In comparison, the 2004 survey data has only 276,826 firms. Thus, 80% of the observations in our sample are identified as non-state small firms. 6 Our definition of small enterprises follows that of the Interim Provisions on the Standards for Medium and Small Enterprises, which was released by the State Economics and Trade Commission in 2003. A manufacturing firm is small if it meets any of the three criteria: (1) annual sales revenue is under 30 million RMB, (2) total assets are under 40 million RMB, and (3) employment is under 300 persons. 7 The China Industry Census dataset provides information on the starting time of each establishment. 7 each industry-province pair and log-transformed. Their summary statistics are shown in Table 1. <insert Table 1 about here> We observe moderate variations in these variables compared to their sample means. According to the between-group statistics, variations in the level of entrepreneurship are more pronounced in space (provinces) than across industries, but they are within the same order. Table S1 shows the statistics for selected industries, the least entrepreneurial industries are obviously those dictated by state ownership till now, while the most entrepreneurial ones were opened to private investment since the early reform era. Provinces in the eastern coast, such as Shandong, Jiangsu, Shanghai, Zhejiang, and Guangdong boast high levels of entrepreneurial activity (statistics not shown), which resembles the pattern of industrial concentration suggested by anecdotal observations.
Industrial cluster
Popular measures of industrial concentration include Krugman's (1991) regional Gini coefficient (Audretsch and Feldman, 1996; Long and Zhang, 2012) and Glaeser et al.'s (1992) location quotient (Wennberg and Lingqvist, 2010; Rocha and Sternberg, 2005) . Ellison and Glaeser's (1997) index is a notable improvement because it measures the departure from randomness. A recent innovation in this strand of literature is Duranton and Overman (2005) . Compared to the E-G index, their method offers two major advantages: first, it incorporates a statistical test for departure from randomness, ending the long quest for a "cut-off" value that delimits the cluster geographically (O'Donoghue and Gleave, 2004); second, space is treated continuously (distance-based) rather than discretely, thus it resolves the modification area unit problem (MAUP) that plagued empirical studies (Puga, 2010) . Nevertheless, the original D-O method is incapable of identifying the exact location of clusters.
We define an industrial cluster as a circular region with high level of concentration of firms (in the same industry) compared to random distributions over de facto locations. We extend the D-O method to identify the location (coordinates) and areal size (radius) of each cluster. To reduce the run time, we use the sub-sample of "scale-up" (annual sales revenue over 500 million RMB) firms only. These steps leave us with a working sample of 250,548 firms in 482 four-digit industries.
8 Details of the algorithm are explained in the supplementary material.
Our procedure identifies 1057 clusters in 172 industries, their average radius being 36.5 kilometers. Therefore, 36 percent of the 482 manufacturing industries are clustered. The percentage is comparable, but noticeably lower than that of the Great Britain (52%, Duranton and Overman, 2005) . This observation coincides with the previous findings that Chinese industries are less concentrated than those in the west (He et al., 2008; Lu and Tao, 2009; Lu, 2010) . Table S2 presents the ten most concentrated four-digit industries and Figure S2 illustrate the geographical distribution of industrial clusters.
It seems that many highly concentrated industries are technology intensive. We also identify the ten most dispersed industries (not shown) with the D-O method. Their products turn out to be either food and beverage, or resource reliant, or difficult to transport. Most clusters are located along the east coast. Shandong, Jiangsu, Shanghai, Zhejiang, and Guangdong together host 66% of them. These observations reveal large variations in the level of agglomeration across industries and across space.
Our cluster variables are defined for each industry-province pair. First, we use a binary variable cluster_bin to denote the presence of cluster(s) in the industryprovince pair. We also use a discrete variable cluster_num to count the number of clusters in the industry-province pair. Areal size of the clusters is measured by cluster_rad, which is defined as the average radius of the clusters in the industryprovince pair.
9 Two variables measure the strength of clusters. For any industry i and province j, we define cluster_rev ij as the fraction of total revenue (from the principle business) of industry i that is generated by the clusters located in province j. Similarly, we define cluster_emp ij using employment data. If an industry has no clusters in a province, then all variables are set to zero. The descriptive statistics of these variables are shown in Table 2. <insert Table 2 about here> Notably, the standard deviations are quite small compared to the sample means. This happens because the majority of the sample (88%) are populated by zeros. Since the cluster variables are heavily censored, the regression must be conducted with probit or Tobit models. The summary statistics show high level of geographic concentration in some industries. For instance, one province hosts as many as 10 clusters in a single industry. In some other industry, 77.5% of the sales revenue comes from a single cluster.
<insert Figure 2 about here>
The scatter plots reveal a positive relationship between levels of entrepreneurship and levels of industrial concentration. However, the correlation does not necessarily suggest causality (hypothesis 1) unless entrepreneurship variables is properly identified.
Instrumental variable
As we explained in Section 2, contemporaneous measures of entrepreneurship are likely to be endogenous to the level of industrial concentration, because agglomeration economies may at the same time affect local entrepreneurial activity through various channels. A solution is to instrument the regressor by historical factors with long lags. In studying the impact of employment density on productivity, Ciccone and Hall (1996) used population and infrastructure data dated more than a century ago as instruments. The practice is justified by the argument that these historical factors have a persistent influence on the spatial distribution of current economic activity, but not directly on productivity. Their identification strategy has become increasingly popular in the NEG literature (Davis and Weinstein, 2002; Combes et al., 2010) . Discussions in Section 2 also suggest proxies for local supply strength of entrepreneurship as valid instruments. Thus, an ideal instrument could be a measure of local potential in entrepreneurship based on historical data.
To find such a variable, one must reflect on China's reform experience. Although the reforms started in 1978, it is clear from Figure 1 that the private sector was in dormancy throughout the 1980s. The growth was weak before 1992, and the final take-off commenced in 1997. Historically, private entrepreneurs found their roots in the public sector (SOEs and collectives). Table 3 shows that the majority (66.2%) of the early entrepreneurs came from the industry, 30.7% from managerial positions in SOEs or collective enterprises. If we consider non-managerial positions, then up to 47.5% were previously employees in the public sector.
10 Besides the connection through the personnel channel, many private enterprises used to be SOEs or collective firms in the early 1990s.
11 Therefore, local supply of entrepreneurship is likely to be highly correlated with the quantity of SOEs and collective firms before the mid-1990s.
<insert Table 3 about here> In this study, we use the number of industrial firms in 1985 (E 1985 ) as the instrument. The China Industry Statistical Yearbook provides data for each 2-digit industry in each province. The 2-digit classification may not pose a limitation as it seems because an entrepreneur may start his/her new business in a different (fourdigit) industry that is related to his/her previous employment. However, some data must be interpolated because of changes in industry classification. The supplementary material provides the details.
<insert Figure 3 about here> In Figure 3 , we plot an entrepreneurship variable (PE, vertical axis) against the instrumental variable (E 1985 , horizontal axis).
12 Obviously, there is a strong positive correlation, justifying our argument. However, we still need a formal test to validate this instrument, which we leave to Section 4.
Further controls
We control for other determinants of industrial concentration, including geographic/natural advantage and agglomeration economies.
The majority of clusters are found in the eastern coast ( Figure S2 ). Obviously, access to cargo ports influences the location choice of export-oriented firms (Belderbos and Carree, 2002; Fujita et al., 2004) . We control for this geographical factor by the variable port, which is defined as the shortest great-circle distance (logtransformed) from the provincial capital to one of the ten largest sea ports. 13 We consider two types of natural advantage. To proxy the agricultural endowment in each province, we define land 1987 as the arable land per capita in 1987; the data is extracted from the 1988 China Statistical Yearbook. NBS divide four-digit industries into light and heavy industries. Conceptually, firms in heavy industries are more capital intensive and larger in size. They can easily derive economies of scale from inside, so they have less incentive to co-agglomerate. To control for this factor, we create a dummy variable light for light industries.
Agglomeration economies considered here are market access, localization/urbanization economies, and labor market condition. Our measure of market potential (mp) follows that of Harris (1954) , i.e.
Here subscripts denote provinces, d ij is the great circle distance between provincial capitals, and pop is the population in province. Whenever i = j, we set the distance as the equivalence radius of a circumference. Our measures of localization and urbanization economies follow those of Glaeser et al. (1992) . The localization index (lq 1995 ) is the location quotient of four-digit industries using employment data. The urbanization index (vary 1995 ) is defined for every two-digit industry as the ratio of employment in the five largest two-digit industries to total industrial employment excluding the industry under concern. Similar to Ciccone and Hall (1996) and Combes et al. (2010), we measure regional labor pool by average population density in urban districts (lab 1995 ). Finally, we define edu 1982 as the fraction of local population with high school education or above. These variables, especially the location quotient, are likely to be endogenous to our measures of industry clustering.
To mitigate the endogeneity problem, all agglomeration variables are measured by historical data. Specifically, mp is computed from population data in 1820 (Liang, 1980) . Industrial employment data, which we use to construct lq 1995 and vary 1995 , are taken from the 1995 China Economic Census. Data on population density and educational attainment are respectively extracted from the 1996 and 1983 issues of the China City Statistical Yearbook.
We also control for presence of the state sector with variable soe, which is defined as fraction of firms in SOEs for each four-digit industry in each province. Table 4 presents the descriptive statistics of these control variables.
<insert Table 4 about here>
Results from the baseline model
Our baseline empirical model is
where cluster is any cluster variable that measures the presence and number (cluster_bin and cluster_num), size (cluster_rad), or strength (cluster_rev and cluster_emp) of industrial clusters in an industry-province pair; entrepreneurship is one of the three variables (PE, NPE, and SPE) measuring levels of entrepreneurship in the industry-province pair. The x k 's are control variables summarized in Table 4 . Subscripts i and j denote industries and provinces, respectively. All cluster and entrepreneurship variables are defined for four-digit industries. This is also true for lq 1995 , soe, and light. vary 1995 is defined for two-digit industries. The remaining controls, including port, mp, lab 1995 , and edu 1982 are all provincial idiosyncrasies. We further control for the fixed effects of two-digit industries and the three broad regions of China, which are denoted by i and j , respectively. 14 Finally, ij is the error term.
The baseline model allows us to test hypotheses 1 ( ) and 2 ( k 's). Because the entrepreneurship variables are endogenous, they are instrumented by E 1985 and x k 's. Proper identification requires that E 1985 is a strong predictor of entrepreneurship variables, which coincides with hypothesis 3. The practice of using historical values for agglomeration variables helps mitigate the endogeneity in x k 's when testing hypothesis 3 in the first stage.
First, we study whether and entrepreneurship variables explain the presence of industrial clusters. To this end, we use cluster_bin as the dependent variable in Equation (1). Table 5 presents our results. There we detect a high level of correlation between mp and lab 1995 (0.85). We resolve this data problem by dropping either mp (columns 1-6) or lab 1995 (columns 7-12).
<insert Table 5 about here> In benchmark cases (conventional probit), the estimated coefficients on the entrepreneurship variables are sizably smaller than the IV-probit estimates. The Wald statistics testing the exogeneity of E 1985 are all significant but one.
15 These are strong evidence that the contemporaneous measures of entrepreneurship are endogenous. To justify the IV-probit models, it remains to check if the instrument E 1985 is weak. For this purpose, we implement Anderson and Rubin's (1949) According to the IV-probit estimates, all three measures of entrepreneurship are positive and highly significant in the structural model. Thus, the results show that industrial clusters are more likely to emerge if the industry-province is rich in entrepreneurship, which justifies hypothesis 1. Among the geographic/natural advantage factors, the coefficient of port is negative and highly significant, which means access to sea ports contributes to the formation of industrial clusters. land 1987 always has a negative sign, but it is only weakly significant in columns 4-6. We thus have weak evidence that legacy in agricultural development hinders industrial concentration. As expected, light industries are more likely to have clusters. All four measures of agglomeration economies are highly significant with expected signs.
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Industrial clusters are more likely to emerge where the market potential (mp) was historically high; if the province was highly specialized in the industry (lq 1995 ); if the province had a diversified industrial structure (vary 1995 ), or if the urban area was densely populated (lab 1995 ) . Surprisingly, the coefficient of edu 1982 has a negative sign. We suspect that this result may be related to the prevalent use of unskilled labor in manufacturing, especially among the export-oriented firms. The presence of SOEs (soe) is insignificant in all specifications. These results are fairly robust to alternative measures of entrepreneurship. The findings so far support hypotheses 1 and 2.
Second, we study how Equation (1) explains the number of clusters (cluster_num) in an industry-province pair. This time, we use the instrumentalvariable ordered probit model. Table 6 presents the results.
<insert Table 6 about here> Similar to what we have seen in Table 5 , the IV method always gives a larger coefficient for the entrepreneurship variables than the conventional ordered probit model (not shown). The instrument E 1985 is highly significant in the first stage and the exogeneity test (Wooldridge, 2010, p662) clearly indicates endogeneity in all specifications. Even though a formal test for weak instruments is not performed here, we have large t-values for E 1985 in the first stage. According to Staiger and Stock's (1997) "rule of thumb," the evidence strongly favors the IV approach.
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Measures of entrepreneurship are positive and highly significant throughout. The effects of geographic/natural advantage variables are qualitatively the same as before, and the coefficient of land 1987 has gained much more significance in the ordered probit models. Among the agglomeration variables, lq 1995 , vary 1995 , and mp remain positive and highly significant, but lab 1995 loses its significance. It seems that urban population density is conducive to a single large cluster but not a multi-cluster configuration. Although soe becomes significant in columns 4-6, this result is sensitive to specification change. Overall, we find evidence that entrepreneurship and most agglomeration variables are positively correlated to the number of clusters, with the exception of lab 1995 .
We proceed to study the effect of entrepreneurship on the areal size of clusters (cluster_rad). As described in Section 3, two measures are used, one is the simple average radii in the industry-province pair and the other one is the average radii weighted by density. In contrast to cluster_bin and cluster_num, cluster_rad is a continuous variable censored at 10 kilometers. Therefore, we use the instrumentvariable Tobit model to estimate Equation (1). The results are summarized in Table 7. <insert Table 7 about here> Diagnosing statistics for the first stage continue to support the instrumentalvariable approach except that the exogeneity tests in columns 4-6 and 10-12 have larger p-values. The estimates in the structural equation now measure the marginal effects on cluster size conditional on the formation of clusters. Distance to sea ports is negatively correlated with cluster size in most specifications except for columns 1-3. One of the natural advantage variables, land 1987 becomes insignificant in all specifications, despite the negative sign. This suggests that agricultural endowment has no further impact on the area size of clusters even though it inhibits formation of clusters. light is positive and significant in all specifications, which means that light industries are not only more likely to form clusters, but these clusters are also likely to sprawl wider in space. All four agglomeration variables are highly significant. Market potential, localization/urbanization economies, and urban population density make clusters grow larger. Similar to what we observe in table 5, here edu 1982 exhibits a persistent negative impact on cluster areal size. The other control soe remains insignificant throughout.
Quantitatively, a one-percent increase in entrepreneurship makes the cluster 0.6-0.8 kilometers larger (columns 1-6, hereinafter). Clusters in light industries are on average 61-67 kilometers larger than clusters in heavy industries, which difference is huge compared to the mean cluster radius in the sample (36.5 kilometers). Using the estimates in column 4 (column 1 for lab 1995 ), we can compute the expected change in cluster radius following a one-standard-deviation change in each factor.
18 Market potential and urban population density stand out as the strongest determinants of cluster size. A one-standard-deviation increase results in an increase in cluster radius by 42.4 km (mp) and 38.5 km (lab 1995 ), respectively. They are followed by vary 1995 (14.4 km) and port (10.8 km). The effect of lq 1995 (6.7 km) is the smallest.
Finally, we study how entrepreneurship contributes to cluster strength. The two measures are either based on the revenue share (cluster_rev) or the employment share (cluster_emp) of clusters. Since both variables are continuous, the instrumentvariable Tobit model is chosen. Tables 5 and 7, agricultural advantage (land 1987 ) in the province seems to have a negative but weak impact on cluster strength. The effect of urban population density (lab 1995 ) is marginally significant on the revenue measure only. Finally, edu 1982 is negative and significant, while soe is insignificant throughout. The pattern we observe here resembles that of Table 7 , with the exception of lab 1995 .
The revenue-and employment-based measures yield similar estimates, mp being the only exception. Thus effects on revenue and employment are similar in magnitude. According to the estimates in columns 1-6, if the level of entrepreneurship in an industry-province pair increases by one percent, then the revenue share of the clusters in the province will be increased by 0.1 percent. The marginal effect is large compared to the population mean (0.91 percent). We continue to assess the relate importance of control variables with the one-standard-deviation exercise. Using the estimates in column 4 (column 1 for lab 1995 ), we find that access to sea ports (port) explains most of the variations in revenue share (2.7%), followed by market potential (mp, 2.3%) and urbanization economies (vary 1995 , 2.2%), then by urban population density (lab 1995 , 1.4%) and localization economies (lq 1995 , 1.0%). The effect of agricultural advantage (land 1987 ) is not only the least significant, but also the smallest in size (0.5%).
Robustness tests with additional instrumental variables
The regression models so far all employ the instrument variable E 1985 . In this section, we propose alternative measures of entrepreneur potential based on other data sources. These new instruments are used to check the robustness of previous results.
We propose two alternative instruments. The first variable TVE 1995 is defined as the number of TVEs in 1995. Because of their fuzzy ownership structure, TVEs in the 1980s are viewed as the hotbed for entrepreneurship (Li and Rozelle, 2004; Li et al., 2012) . The data is collected from the 1995 China Industry Census. For consistency, we aggregate this variable to two-digit industries in each province. The second variable traces back to guild activities in Qing Dynasty . Guilds in ancient China were groups of merchants sharing common interests and built on personal relationships (Moll-Murata, 2008) . Because guilds embody the socialinstitutional network stressed by Saxenian (1994) , guild activity is a reasonable proxy for the soil of entrepreneurship. We define guild as the number of guilds in each province. Relevant data is manually collected from Zhou et al. (2002) . A major setback with this variable is the absence of industrial classification. In practice, this variable is used jointly with E 1985 , resulting in an over-identified system.
In what follows, we repeat previous regressions using the alternative instruments. To save space, we focus on the specification that uses NPE and lab 1995 on the RHS of Equation (1).
<insert Table 9 Table 10 follows Lee (1992) . The exogeneity tests continue to show evidence of endogeneity in NPE. In both cases, the models pass the weak instrument tests easily. Besides, both instruments have the expected sign (positive). In Table 10 , where NPE is identified jointly by E 1985 and guild, the overidentification tests provide further justification that the error terms in Equation (1) are indeed uncorrelated with the instruments.
When NPE is identified by E 1985 and guild (Table 10 ), the estimated coefficients of NPE exhibit a high level of similarity to those reported in Section 4. The differences are larger but not in a systematic way when we switch to TVE 1995 in Table 9 . Qualitatively, the results concerning port, light, lq 1995 , and vary 1995 are highly robust to alternative instrumenting strategies. For instance, port is insignificant in the same regression model (column 2 of Table 7 ) but highly significant in all others. land 1987 and lab 1995 are less robust in p-values. Nevertheless, the estimates of these regressors are quantitatively similar across different instrumenting strategies. Finally, the results of edu 1982 and soe are sensitive to the choice of instrumental variable, both qualitatively and quantitatively.
In summary, the analysis confirms that our main instrument E 1985 is reliable. The empirical findings in Section 4 are generally robust to alternative instrumenting strategies, except those of edu 1982 and soe.
Nonlineary effects
The effect of entrepreneurship may not be uniform over space or across industries. Empirically, the economic impact of entrepreneurship is found to be stronger under favorable cluster conditions, such as population density, technology intensity, human capital, and cluster size (Baptista and Preto, 2011; Fritsch and Schroeter, 2011; Wennberg and Lindqvist, 2010) . In what follows, we extend the baseline model to investigate the nonlinear effects of entrepreneurship. We are interested in finding out whether factors of industrial concentration (geographic/natural advantages and agglomeration economies) amplify or suppress the effect of entrepreneurship on industrial clusters. On the methodology side, we follow the analytical framework of Fritsch and Schroeter (2011) and introduce to Equation (1) interaction terms between the entrepreneurship variable and the other regressors. Due to length constraint, our analysis is limited to the cluster_bin model that uses NPE and lab 1995 on the RHS. The results are summarized in Table 11. <insert Table 11 about here> We introduce one interaction term at a time. Because the entrepreneurship variable (NPE) is endogenous, so is the interaction term. Practically, both NPE and the interaction term are instrumented. 19 Most of the specifications considered here pass the exogeneity test except for the one studying NPE light (column 3). All models pass the weak instrument test easily. 20 In all specifications, the coefficient of NPE is positive and highly significant, which is consistent with previous findings.
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The coefficients of NPE port and NPE land 1987 are negative and significant, which means that the effect of entrepreneurship is amplified by access to port but weakened by agricultural advantage. NPE light is insignificant, meaning that the effect of entrepreneurship is not particularly stronger or weaker in light industries. Although the three agglomeration variables were all found to contribute positively to cluster formation, they behave differently in interaction terms. The effect of entrepreneurship benefits from localization and urbanization economies (lq 1995 and vary 1995 ), but barely from urban population density (lab 1995 ).
Concluding remarks
This article presents empirical evidence that variations in the level of entrepreneurship in space and across industries strongly explain the level of industrial concentration with Chinese data. We extend Duranton and Overman's (2005) method and define industrial cluster as a circumscribed area with an unusually high level of firm concentration over counterfactuals. Our method enables us to identify the location and areal size of clusters. We investigate whether and how the level of entrepreneurship explains the presence, the areal size, and the strength of clusters. Empirically, contemporaneous measures of entrepreneurship are identified with historical measures of entrepreneur potential in the early reform era. We also controls for other factors of industrial concentration, including geographic/natural advantages and historical measures of agglomeration economies. We find that levels of entrepreneurship are positively associated with cluster formation, cluster size, and cluster strength. Clusters benefit from geographic advantage but are hindered by legacy in agriculture. The level of concentration is higher in light industries, resulting in larger and stronger clusters. The results also lend support to the NEG theory that clusters benefit from agglomeration economies. These findings are robust to alternative measures of entrepreneurship and two other identification strategies. The synergy effect is found to be stronger where the geographic/natural conditions are favorable, or if agglomeration economies are stronger. Faison, Seth (1997 
